Recent advances in high resolution magnetic resonance (MR) imaging of the spine provide a basis for the automated assessment of intervertebral disc (IVD) and vertebral body (VB) anatomy. High resolution three-dimensional (3D) morphological information contained in these images may be useful for early detection and monitoring of common spine disorders, such as disc degeneration. This work proposes an automated approach to extract the 3D segmentations of lumbar and thoracic IVDs and VBs from MR images using statistical shape analysis and registration of grey level intensity profiles. The algorithm was validated on a dataset of volumetric scans of the thoracolumbar spine of asymptomatic volunteers obtained on a 3T scanner using the relatively new 3D T2-weighted SPACE pulse sequence. Manual segmentations and expert radiological findings of early signs of disc degeneration were used in the validation. There was good agreement between manual and automated segmentation of the IVD and VB volumes with the mean Dice scores of 0.89±0.04 and 0.91±0.02 and mean absolute surface distances of 0.55±0.18 mm and 0.67±0.17 mm respectively. The method compares favorably to existing 3D MR segmentation techniques for VBs. This is the first time IVDs have been automatically segmented from 3D volumetric scans and shape parameters obtained were used in preliminary analyses to accurately classify (100% sensitivity, 98.3% specificity) disc abnormalities associated with early degenerative changes.
Introduction
Disorders of the human vertebral column account for a significant proportion of musculoskeletal complaints (Woolf and Pfleger 2003) . Magnetic resonance (MR) and computed tomography (CT) imaging have become key investigative tools in clinical decision making for pathological conditions of the vertebral column (Fries et al 2008, Cousins and Haughton 2009) . Given its excellent soft tissue contrast, MR has emerged as the modality of choice for imaging intervertebral disc (IVD) related abnormalities, such as disc degeneration (Emch and Modic 2011) . Given the high prevalence of degenerative disc disease findings on MR images in the asymptomatic population (Emch and Modic 2011), the clinical assessment of these early degenerative changes is an area requiring further investigation (Auerbach et al 2006) . Indeed, the precise role of MR imaging in providing predictive and prognostic information on IVD degenerative processes is still unclear (Emch and Modic 2011).
Current MR investigations into the multifactorial pathogenesis of disc degeneration seek to combine tissue signal and structural characteristics of IVDs (Yu et al 2011) . Since most current clinical MR studies are acquired in two-dimensions (2D), with relatively large inter-slice gaps compared to the inplane resolution, only elementary 2D measures (e.g. disc height, height to width ratio) have been reported in the literature to quantify morphological changes of the IVDs (Berger et al 2011) .
Recently, a number of 3D MR pulse sequences such as SPACE (Sampling Perfection with Application optimized Contrasts using different flip angle Evolution) have been developed (Lichy et al 2005) that generate 3D images of the spine at spatial resolutions comparable to CT, but without the associated ionizing radiation. These 3D MR sequences provide high resolution images of the IVDs and vertebral bodies (VBs) well suited for highly detailed morphometric studies on multi-dimensional size and shape parameters (e.g. volume, height / thickness, wedging / distortion) of these spinal column elements (Figure 1 ). These quantities are of particular interest as surrogate measures for identifying discs with signs of early degeneration and for monitoring of longitudinal changes.
However, the time cost involved with quantification of the 3D morphological information from volumetric images makes any manual segmentation procedures impractical.
In this paper, we present an automated 3D segmentation algorithm for detection, segmentation and morphological assessment of IVDs and VBs from high resolution 3D MR images of the thoracolumbar spine for potential clinical applications concerned with early detection and quantification of anatomical features. The development of an accurate automated segmentation method, as opposed to time-and expertise-intensive manual segmentation approaches, offers significant opportunities for both routine clinical implementation and large-scale trials, providing a standardized baseline for morphological assessment. Technical challenges arise from factors such as the inherent anatomical complexity and length of the vertebral column, intra-and inter-subject variations within and across the local spinal regions and several underlying MR imaging artefacts.
The approach in this paper compares successfully to results available in the literature while, to the best of our knowledge, it is the first time intervertebral discs have been automatically segmented intrinsically in 3D from volumetric MR scans. Shape parameters obtained were used in preliminary analyses to accurately classify disc abnormalities associated with early degenerative changes, suggesting the higher order 3D morphologic information extracted from IVDs can encode relevant anatomical information.
Previous work
Previous segmentations of the bony vertebrae have used CT images while soft tissue segmentation approaches (including IVDs) have used MR. The high bone contrast in CT enables segmentation of the VBs using edge detection or region growing techniques (Kim and Kim 2009). The generalized Hough transform (Ballard 1981) was used together with 3D statistical models of shapes, gradient and appearance by (Klinder et al 2009) achieving competitive results both in vertebrae identification and segmentation. Further improvements in speed and accuracy was achieved by using a trained 3D bone-structure edge detector together with a deformable statistical shape model (SSM) by (Ma et al 2010) . In general, the sharp intensity edges at bone boundaries are key determinants for accurate vertebrae localization and segmentation in CT. A popular way to incorporate the prior knowledge of the complex vertebrae shapes is via SSMs. combined 2D segmentation results to provide a 3D volume. In contrast to these 2D approaches, our approach is intrinsically volumetric, utilizing the full multiplanar image information available from the current 3D MR imaging protocol for automated segmentation and classification of shape abnormalities of IVDs with degenerative changes.
Method
The segmentation strategy is based on the concept of ASMs, previously used in many medical imaging applications (Heimann and Meinzer 2009) . Grey level models (GLMs) of intensity profiles extracted from the input MR images are used to drive the shape deformation.
The pipeline of the complete algorithm is illustrated in Figure 2 . The algorithm can be divided into two main parts: 1) spine localization and 2) shape-based segmentation of IVDs and VBs. During the spine localization, the 3D spine curve is extracted and approximate positions of VBs are determined by the use of active rectangles. The shapes are subsequently deformed using the ASM strategy.
In the remainder of this section, the image database and pre-processing steps are presented, followed by a description of the spine localization algorithm. Next, the method for generating the SSMs and GLMs is discussed before presenting the evaluation procedure to quantify the algorithm's performance.
Imaging database
MR images from 28 volunteer subjects (19 male, 9 female) were acquired from the lumbar (superiorly to VB L5) and lower-thoracic spine (inferiorly to VB T7 or T8) in two overlapping blocks using the T2w 3D SPACE pulse sequence on a Siemens 3T TRIO MR system. The acquisition time was 7m50s per block. The SPACE sequence has shown good potential for clinical assessment and diagnostic purposes (Meindl et al 2009, Lighvani and Melhem 2009) , and has the advantage of 3D volumetric acquisition providing high-resolution images with a good levels of anatomical detail (176 axial sections per block with 0.34×0.34mm in-plane resolution and 1-1.2mm slice thickness).
A subset of 14 cases (134 IVDs, 132 VBs) was manually segmented by AN (under expert supervision of CE) and used for quantitative evaluation of the automated algorithm as reported in the next section.
The automated segmentation results for all 28 cases are reported online 1 for qualitative assessment.
All subjects were 'asymptomatic' healthy volunteers, self-reporting no major or chronic symptoms of back pain. The high prevalence of degenerative disc imaging finding in the asymptomatic population The medical research ethics committee of the University of Queensland approved the current study and informed written consent was obtained from all participants involved.
Image pre-processing
In the present study, two (serial) blocks are merged together covering the lower thoracic and lumbar spine regions in one combined image set. A large overlap region between the two image blocks was used in acquisition to correct intensities at the upper and lower margins of the original image blocks with decreased signal-to-noise ratio (SNR) and contrast-to-noise ratio (CNR) characteristics ( Figure   4 ), and further enhancing steps were taken during the pre-processing. 
Segmentation algorithm
The segmentation strategy is based on the method of the ASM originally introduced by (Cootes et al 1995) . An approximate localization of the spine and individual IVDs and VBs is needed to initialize the ASM. This subsection details the steps in the algorithm pipeline shown in Figure 2 after preprocessing.
Spine localization
First, the spine curve (a continuous line passing through the centres of IVDs and VBs in 3D) is extracted based on the algorithm proposed by (Vrtovec et al 2007) . This algorithm requires a seed point located within some of the imaged IVDs or VBs that is placed manually in (Vrtovec et al 2007) .
To overcome the manual initialization, an automated procedure to find the seed point is proposed in this subsection together with an outline of the used algorithm (Vrtovec et al 2007) . A new strategy (based on active rectangles) was implemented to determine the locations of IVDs and VBs and is presented in the second part of this subsection.
Spine curve extraction
A line of axial symmetry passing through the seed point is found for each axial cross-section by maximizing a similarity measure (the mutual information) and the IVD or VB centre is refined along this line by minimizing the operator (equation 1). The operator proposed by Vrtovec et al (2007) defines M concentric rings of increasing radii and is computed as:
where = − ∑ , log , is the entropy of image intensities under the mth ring defined by the probability distribution , , Q is the number of histogram bins, H is the entropy of image intensities over the whole operator region (circle defined by the biggest ring) and s defines the standard deviation of the Gaussian weights , favouring the smaller rings. The located centre of an IVD or a VB is also used as the initial point for the neighboring slice and the search is expanded in both (superior and inferior) directions (a subset of axial slices distanced by 10mm is used to save computational time). Subsequently, a robust 3D fitting of 3rd degree polynomials in each coordinate direction is performed using a nonlinear least trimmed squares regression method (Rousseeuw and Leroy 2003) to find the continuous spine curve in 3D ( Figure 5 ).
In this paper, we used the operator to automatically find the initial seed point to initiate the spine curve extraction. An equidistant point grid is defined (with spacing h g ) in the middle axial slice where the operator is evaluated. Next, a neighborhood average, weighted by the mean image intensity at grid points, is evaluated and the maximal point is taken as the seed point:
where 0 and no effects on ! "##$ were observed when doubling the radii and reducing the number of discs to half (thus conserving the area). To further evaluate the sensitivity, we performed a small grid search for parameters Q (between 32, 64, 128) and s (√2, √10, √20) on a subset of 3 subjects. No effects on ! "##$ were observed by changing the values of s. In 2 cases, three different seed points were found for the three values of Q, but they all lied within the VB. In the remaining case, the same valid seed point inside a VB was found for Q=32 and Q=64 and an erroneous point lying slightly outside the VB was found for Q=128.
Active rectangles in the sagittal plane
Locations of individual vertebrae are found using an active contour method in the form of interactive A set of initial rectangles is placed along the spine curve at 10mm intervals and optimized in the sagittal plane using the downhill simplex algorithm (Nelder and Mead 1965) . The interval is small enough to allow the coverage of each VB by several rectangles. The optimized rectangles are combined to form a mask of vertebrae locations that is thresholded using an empirical threshold th=4 (i.e. 4 rectangles converged to the same location are required to detect a VB). The event of missing one single VB is automatically detected and corrected by taking the mean centre position and height of the neighboring regions.
Refinement of the rectangles in 3D
With the active rectangles, initial locations of VB centres are obtained in the corresponding 2D slices.
In this section, we describe how we use the cost function from McIntosh and Hamarneh (2012) to refine these positions in 3D and to correctly assign the VBs their labels (e.g. L5 -fifth lumbar VB).
For this purpose, a simplified model of the spinal shape in 3D is constructed. The simplified spine is described as a set of points identifying the centres of VBs (in 3D) and their heights, forming a set of four-dimensional points. The sets are aligned to the L1 VB and the principal component analysis is applied to identify the modes of variation (similarly to SSMs as described in section 2.3.2.1. ;< = 1, … , ? @ → 2 = 67 * ∈ ℝ :
;< = 1, … , ?@
Supposing such a set S i is available, the shapes can be aligned (the generalized Procrustes alignment (Gower 1975 ) is used in this work) and a point distribution can be defined for the positions of spatially corresponding shape vertices 7 * ∈ ℝ : . The mean positions B C and covariance matrix D are computed 2 :
Each shape S i is represented as an n-dimensional vector B . The shape vectors can be represented in the form of: 
The shape deformation procedure is driven by the GLM, consisting of extracted grey level intensity profiles centred at each vertex 7 * and sampled along the vertex normal ? TU * for all training shapes 2 , V = 1, … , 0. For each profile, the intensity values are extracted from the MR image using B-Spline interpolation of the intensities at equidistantly sampled points both inside and outside the shape. In this manner, each profile contains 2L+1 points (L inside, L outside plus one at the vertex) that are sampled along the normal with spacing h (the physical length of the profile being 2L·h mm).
Consequently, each SSM vertex is assigned an array of N training profiles that will drive the segmentation.
Shape deformation
The shape deformation procedure providing the final segmentation results is an iterative process highlighted in Figure 
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Algorithm setup and parameters
Numerical values of used parameters can be consulted in table 1. The obtained SSMs were used to constrain the shape deformation during the segmentation procedure with the shape constraint b max =2.0 StDev, and the number of modes N b was determined to explain 90% of the total variation within the SSM (table 2) .
Validation
The automated segmentation algorithm was applied to the entire set of scans from 28 subjects and the qualitative results can be accessed online (section 2.1.). Quantitative measures reported here were evaluated from the results on the subset of 14 scans with the available ground truth. These images were segmented using a leave-one-out strategy (each currently segmented shape was omitted from the SSM and GLM 
Results

Initialization
The VB detection was successful in locating 257 of the 261 VBs (98.5%) from 28 subjects. In 4 cases the lower-most L5 VB was not detected. In this scenario, a simple input to the algorithm is required to add an additional VB below the lower-most detected one. Accuracy of the initialization step (mean DSC) is reported with the segmentation results in table 3 (column Init DSC).
Statistical shape models
Four SSMs were built initially, one for lumbar and thoracic IVDs and VBs. Anatomical differences among the VBs are reflected by the SSMs (Figure 7 ) where a distinct cluster of mutually similar VBs can be identified -e.g. T11-T12 compared to T8-T10, and more noticeably L5 against other lumbar
VBs. Due to the large differences in anatomical shape of the VBs, 10 SSMs specific to each VB (from T8 to L5) were generated and used to better model shape variations distinctive to each VB. For the IVDs, the two initial SSMs of lumbar (T12/L1 -L4/L5) and thoracic IVDs (T7/T8-T11/T12) were used as the IVDs generally exhibited non-specific differences in shape across the spinal column (reflected by the SSM in Figure 6 ). All SSMs were comprised of 4098 vertices. The mean shapes and primary modes of variation for the SSMs are illustrated in Figure 6 and Figure 8 .
The SSM presented in Figure 8 shows the anatomical variation of lumbar IVDs in more details. The first (horizontal axis) and second (vertical axis) mode of variation capture together the changes from circular-like discs (L3/L4, L4/L5) towards 'bean' shaped discs (T12/L1, L1/L2). The first mode also captures the changing inferior-superior thickness of the disc. The second mode describes the variation of the disc thickness and wedging in the anterior-posterior direction. The properties of the SSM of lumbar IVDs are discussed below in order to determine a possible use in the context of disc degeneration and automated classification.
Segmentation accuracy
Summary data for the comparisons between the manual and automated segmentation measurements 
Disc classification
The generated SSM of lumbar IVDs was studied to automatically detect IVD degenerative changes presenting as asymptomatic (early sub-clinical) disc degeneration. Plots of the first two shape parameters b (equation 6) of the automatically segmented IVDs are shown in Figure 8 .
The image database contains 7 lumbar IVDs with early disc degeneration. In Figure 8 , these cases are marked with a cross. A linear discriminant analysis classifier separated the two groups based on the first two shape parameters that describe the two most important modes of variation. A good descriptive power of the classifier can be noted with the sensitivity of 100% and specificity of 98.3%.
The discs with degenerative changes appear in the bottom right area of the plot (which could be used for automatic signaling of these discs for further assessment) indicative of a relative disc thinning (Figure 8 ).
Computational time
The calculations were performed as a single thread on an Intel 2.83 GHz Dual Core PC with 8GB
RAM. An average time per iteration to segment an IVD is 26 seconds and 21 seconds for a VB.
Several computational optimization strategies can be implemented to reduce the time, such as parallelization of the profile matching.
Discussion
Imaging database
In the present MR-based study, the SPACE sequence provided high resolution 3D images from which our innovative automated segmentation algorithm extracted detailed 3D shape information about IVDs and VBs. The SPACE sequence combining high spatial resolution, reduction in blurring and good sensitivity to spine pathologies demonstrated its effectiveness in evaluating degenerative disc disease (Lighvani and Melhem 2009). Some limitations against wide use in clinical practice arise from idiosyncratic artefacts (lower CNR, variable inter-subject SNR) that can however be addressed with advanced post-processing techniques, as presented here. In addition, compared to single 2D high resolution images (e.g. 0.3×0.3 mm) currently acquired in clinical practice, the anatomical edges appear less distinct in the SPACE images which necessitates advanced segmentation techniques.
Nevertheless, the sequence provides excellent high resolution 3D information about IVD and VB shapes, not available previously. The 3D shape information accurately extracted by an automated segmentation algorithm provides the opportunity to examine early signs of disc degeneration in a new way.
Segmentation accuracy
Comparisons among 2D and 3D segmentation techniques validated on databases with varying image dimensions are difficult since the available information, the outputs (and complexity) differ substantially. The MR dataset used in this study is novel in its own right and the main drivers of this it difficult to score one method over another. In summary, the results appear favorable to those published in literature while noting that our MR data represent the most advanced level of spine imaging with fine detail that, to the best of our knowledge, have not been automatically segmented before.
Disc classification
The shape parameters describing the extracted 3D volumes of lumbar IVDs allowed successful identification (100% sensitivity, 98.3% specificity) of IVDs with early degenerative changes in the asymptomatic subjects examined in this research. Two misclassified healthy discs were found by the linear discriminant analysis in Figure 8 , which although thinner each had a well defined nucleus pulposus with non-attenuated signal. This suggests that further characteristics are probably needed for more robust classification (e.g. anatomical measures, such as disc volumes, heights, widths or average / local thickness -all available with the proposed algorithm, or the signal intensity values inside the nucleus pulposus). Indeed, disc degeneration is a complex pathological process affecting the disc shape and internal structure with clinical diagnoses typically undertaken using a combination of morphological and signal (biochemical) features. At this stage no definite conclusions can be drawn from this small sample, however these promising preliminary results, currently based on disc shape descriptors alone, are supportive and indicative of the potential of SSMs for automatic detection and classification of disc abnormalities.
Study limitations and future work
Although the segmentation and disc classification results are very promising, there are some limitations that should be acknowledged and will be addressed in future work. Namely, the current study was performed on a dataset of asymptomatic subjects. These cases however exhibited signs of early disc degeneration in 36% cases, and several vertebral haemangioma and Schmorl's nodes were also observed. Since clinical studies indicate that the relationship between radiological findings of disc degeneration and patient symptoms is still unclear (Modic and Ross 2007), it can be argued that the presence of abnormalities (although asymptomatic) is adequate to validate the segmentation approach, particularly if the focus is on detection of early changes. Nonetheless, we are currently proceeding with an investigation into the use of the algorithm on a larger dataset of T2w scans from routine (2D) clinical images. The database will include symptomatic pathological subjects exhibiting degenerative changes of varying severity. The high resolution shape models should include necessary a priori information for successful segmentation on clinical images with a higher inter-slice gap.
Conclusion
High resolution 3D spine scans have the potential to deliver pre-programmed analysis of anatomical are shown in green, the automated segmentation results in red and the ood results can be observed for most IVDs, including the L4/L5 (middle colum column, 4th from the top) disc with mild degenerative changes. igh precision has been achieved for most VBs, including the case with a vertebral ). Some inaccuracies are marked with white arrows. Table 3 . Quantitative segmentation results (L-lumbar, T-thoracic). The lumbar IVDs marked as degenerative are reported separately (row 'L-IVD Deg'). The mean DSC for the initially placed mean shapes are reported for comparison (column 'Init DSC').
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